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ABSTRACT
Accurate battery thermal analysis under diverse operating conditions is a key requirement to ensure the safe use of the
battery system. The battery heat generation is mainly composed of irreversible joule and reversible entropic heats, and
to measure the latter, a separate experiment should be preferentially conducted to determine the entropic heat
coefficients for different ranges of battery state of charge. However, the present experimental methods, such as
potentiometric or calorimetric methods, are very time-consuming and cannot practically estimate the entropic
coefficients for entire ranges of battery state charge, which could cause a severe error in predicting the battery thermal
behaviors. In this context, the current study proposes a numerical method to estimate the entropic heat coefficients
based on inverse heat transfer analysis. The battery discharge experiments under 0.25 to 1.0 current rates are basically
conducted to obtain the data of entropic heat coefficients, and it is identified that the entropic heat coefficients have a
very similar trend according to the state of charge of the battery, even discharging under different current-rate. The
obtained data are then optimized through the least-squares estimation to determine the representative values for the
entire range of state of charge of the battery cell. Using these representative entropic coefficients, the validation of the
proposed method is conducted under diverse operating conditions of different current rates, ambient temperatures, and
dynamic load conditions. As a result, the proposed method is well validated within a maximum of 5% error deviations
compared to the experimental data and has been used to characterize the reversible entropic heat under diverse
operating conditions.

1. INTRODUCTION
The energy storage systems have become the essential part of the effective utilization of renewable energy systems.
In particular, with the characteristics of high energy potential and no memory effect, lithium-ion batteries (LiBs) have
become the most promising energy storage devices in various industries, from small portable electronic devices to
medium-to-large energy storage systems for electric vehicles or power grids. However, LiBs face the thermal issues
that the heat generated during the operation may lead to an increase of the battery temperatures in an instant. When
deviated from the optimal temperatures ranges, the LiBs suffer from a severe loss in their performance and life cycle.
For instance, at low temperatures, the cell capacity reduces significantly due to low electrochemical reaction rates. In
addition, at high temperatures, the more adverse effects not only on the immediate electrical performances but also on
the lifetime of LiBs are aggravated (Ma et al. 2018) due to thermal abuse or aging effects. Therefore, it is absolutely
required to analyze the battery thermal behaviors as precisely as possible during its discharge or charge to guarantee
the safe use of the battery system.
According to work by Liu et al. (2017), with the assumption of negligible mixing and phase change effects, the battery
heat generation is composed of two primary heat sources, irreversible joule, and reversible entropic heat. The former
joule heat is always exothermic caused by the internal resistance from the current flows, while the latter entropic heat
is can be both exothermic and endothermic depending on the entropy change between cathode and anode materials.
Compared to the former one, which can be measured exactly, the latter is relatively very hard to measure due to its
complexity. For decades, the entropic heat is determined by measuring the entropic coefficient (𝜕𝑈𝑜𝑐 ⁄𝜕𝑇 ), which
represents the temperature dependency of open-circuit voltage (𝑈𝑜𝑐 : OCV). It is widely known to be varied by the
operating conditions of the battery, such as current-rate (C-rate), temperature, aging conditions, etc., and in particular,
it is highly dependent on the state of charge (SOC) of the battery. There are two commonly used experimental methods,
potentiometric and calorimetric methods. First, the potentiometric method analyzes the change of OCV according to
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the temperature at a certain SOC. OCV measurement is repeatedly carried out per every SOC step and at different
temperatures by changing the SOC and temperatures to the desired values. Since Thompson et al. (1981) first
introduced the potentiometric method, it has been mostly used in previous battery thermal analyses. The calorimetric
method uses calorimeters to measure the battery heat generation rate during the charge and discharge. The method
obtains the average ECs according to the battery SOC under the assumption that the same joule heat is generated
during charging and discharging processes if the same C-rate is applied. Even though both two experimental methods
are the typical methods to calculate the ECs, there are unavoidable drawbacks that potentiometric method requires
huge experimental time to meet the electrical-thermal equilibrium state, and the calorimetric method reveals low
accuracy in the measurement. Recently, some new methodologies to strengthen or replace the above classical methods.
Damay et al. (2016) proposed the advanced calorimetric method, and Geifes et al. (2019) extracted the entropic heat
coefficient from the pulse relaxation measurement with the least squares estimation. Lately, Hu et al. (2020) and
Abbasalinejad et al. (2021) proposed the new approach based on the time-frequency domain method to derive the
continuous ECs.
From the literature review, the classical methods are found to require too much experimental time or reveal low
accuracy problems. Despite some newly developed methods, there are still many limitations to reducing the excessive
dependency on the classical experimental methods. In this context, the current study developed a new analytical
approach combined with the numerical algorithm to estimate the ECs of the battery. An inverse heat transfer analysis
(IHTA) method is developed based on four fundamental discharge experiments. It is principally used to estimate the
ECs continuously according to the battery SOC. The newly obtained ECs are regressed and refined through the least
square estimations. Through the comparison with the existing potentiometric method and the validation with the
experimental method in predicting the battery temperatures, the high-precision and time-efficient attributes of the
proposed IHTA method are verified.

2. RESEARCH APPROACH
2.1 Battery thermal model
The 21700 type cylindrical battery cell composed of lithium nickel manganese cobalt oxide and graphite for cathode
and anode materials is used in the current study. The nominal capacity of the cell is 4.9 Ah, and the charge/discharge
voltage limits are 4.2 V and 2.5 V, respectively. To analyze the battery thermal responses, the energy equation is
formed as equation. (1) considering both the heat generation and dissipation during its operation.
𝑚𝑐𝑝

𝑑𝑇
= 𝑄̇𝑔𝑒𝑛 − 𝑄̇𝑑𝑖𝑠
𝑑𝑡

(1)

𝑑𝑇

where m, 𝑐𝑝 , on the left-hand side are the mass, specific heat, and temperature changes (𝑑𝑇) over time (𝑑𝑡) of the
𝑑𝑡
battery cell, representing the thermal state of the battery cell. The mass of the battery is 69.5 g, and the specific is
defined as equation (2) referring to the previous work by Sheng et al. (2021), which analyze the same type of LiB as
the one in the current study.
𝑐𝑝 = 2.29 ∙ 𝑇𝑐𝑒𝑙𝑙 + 1040.5

(2)

The first term on the right-hand side is the battery heat generation during the discharge or charge process. As briefly
mentioned above, it can be divided into two heat sources, irreversible joule and reversible entropic heat, as presented
in equation (3):
𝑄̇𝑔𝑒𝑛 = 𝐼 2 𝑅𝑖 − 𝐼𝑇

𝑑𝑈𝑜𝑐
𝑑𝑇

(3)

where the first and second terms represent the joule and entropic heat individually. First of all, the joule heat is
proportional to the square of the current (𝐼) and the internal resistance of the battery (𝑅𝑖 ), which is computed as the
overpotential of the battery divided by the current as expressed in equation (4):
𝑅𝑖 =

𝑈𝑜𝑐 − 𝑉𝑐𝑒𝑙𝑙
𝐼
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where the overpotential is defined as the difference between the OCV and the cell voltage. The OCV is the electrical
potential difference between two active materials of the battery without the external load. In the respect that the OCV
is differed by battery SOC, the OCV measurement is performed preliminary for each 5% SOC using the galvanostatic
intermittent titration technique (GITT). It subjects the cell to intermittent current pulses alternating between a CC
charge or discharge and a relatively long rest time (Horner et al. 2021). On the one hand, the entropic heat, second
𝑑𝑈
term of right-hand side of the equation (4) is mainly decided by the tendency of the entropic coefficient ( 𝑜𝑐, EC) of
𝑑𝑇
the battery. Similarly, to the OCV, the entropic coefficient is varied according to the battery SOC and can be both
positive and negative. Besides, it is also proportional to the current and the absolute temperature of the battery in
degrees Kelvin. Returning to equation (1), the heat dissipation is calculated by equation (5):
𝑄̇𝑑𝑖𝑠 = ℎ𝐴(𝑇𝑐𝑒𝑙𝑙 − 𝑇𝑎𝑚𝑏 )

(5)

where the ℎ, 𝐴, and (𝑇𝑐𝑒𝑙𝑙 − 𝑇𝑎𝑚𝑏 ) are the heat transfer coefficient, surface area of the battery cell, and temperature
difference between the cell and ambient temperatures. Since heat dissipation is the major part of the current study,
more explanation on estimating the heat dissipation rate and especially the heat transfer coefficient is discussed more
closely in the next section 2.2.

2.2 Estimation of heat dissipation and optimal heat transfer coefficient
The battery generates and dissipates the heat at the same time during discharge or charge. The battery heat dissipation
is a heat loss to the surroundings during the experiment and normally consists of heat convection and heat radiation.
Each heat transfer rate is different by numerous experimental conditions such as ambient temperatures, airflow, shape,
and surface material of the battery, in which means it is impractical to use the empirical correlation, such as the Nusselt
number correlations, that entirely reflect the experimental conditions. In this respect, the current study considers using
another method to calculate the overall and optimal heat transfer coefficient including both the convective and
radiative heat transfer coefficients. The adopted method is to track the temperature changes of the battery during the
cooling period after the operation. As shown in Figure 1 (a), the battery heat generation is stopped after finishing the
discharge process, while the heat dissipation still remains during the cooling period. At this cooling period, the energy
equation for the battery can be expressed in equation (6):
(𝑚𝑐𝑝

𝑑𝑇
)
= −𝑄̇𝑑𝑖𝑠 − ℎ𝐴(𝑇𝑐𝑒𝑙𝑙 − 𝑇𝑎𝑚𝑏 )
𝑑𝑡 𝑐𝑒𝑙𝑙
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Figure 1: (a) battery temperature curves during discharging (black line) and cooling (blue line) period, (b) iterative
process to find out optimal value based on gradient descent algorithm
where the equation states the thermal state of the battery changed by the heat dissipation rate following the equation
(5). Here, the optimal value of the heat transfer coefficient can be obtained by solving the nonlinear temperature
profiles of the cooling curves. Therefore, the current study adopts the generalized reduced gradient (GRG) algorithm
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to obtain the optimal heat transfer coefficient. The GRG algorithm is similar to the gradient descent algorithm, which
is an iterative first-order optimization algorithm (Lasdon et al. 1978) used to find the optimal value by minimizing the
cost function, as expressed in Figure 1 (b). The cost function is set as the mean square error (MSE), and the related
equation to find the optimal heat transfer coefficient can be expressed as equation (7):
ℎ = 𝑎𝑟𝑔𝑚𝑖𝑛 [(𝑚𝑐𝑝

𝑑𝑇
)
− ℎ𝐴(𝑇𝑎𝑚𝑏 − 𝑇𝑐𝑒𝑙𝑙 )]
𝑑𝑡 𝑐𝑒𝑙𝑙

(7)

The terms in the square bracket of equation (7) are the same as the equation (6) and state that the change rate of battery
thermal state is equal to the cooling rate of heat dissipation rate. The 𝑎𝑟𝑔𝑚𝑖𝑛 means find the value of ℎ that
minimizing the function. Consequently, through the iterative process using the GRG algorithm, the optimal heat
transfer coefficients are computed as values ranging from 8.127 W·m-2·K-1 to 9.965 W·m-2·K-1 for all experimental
cases. The accuracies of the estimated heat transfer coefficients are validated together in section 4.

2.3 Inverse heat transfer analysis method
Inverse heat transfer problems are often used to estimate the unknown parameters in the mathematical formulation of
physical processes in thermal sciences by using measurements of temperature, heat flux, etc. (Orlande, 2011). It has
been used in numerous heat transfer analyses in previous research to find the thermal properties of materials.
Considering that the EC is likewise a unique physical property of LiB, it is possible to derive the ECs by using the
inverse heat transfer analysis (IHTA) method. The proposed IHTA method is as following five steps.
Step [1] From energy balance on the battery, the thermal state of the battery is determined by the two heat generation
sources consisting of joule heat (𝐼 2 𝑅𝑖 ) and entropic heat (𝐼𝑇 𝑑𝑈𝑜𝑐 ⁄𝑑𝑇 ) and the heat dissipation. By coupling the
equation (1) and (3), the related equation can be rearranged as equation (8):
𝑚𝑐𝑝

𝑑𝑇
𝑑𝑈𝑜𝑐
= 𝐼 2 𝑅𝑖 − 𝐼𝑇
− 𝑄̇𝑑𝑖𝑠
𝑑𝑡
𝑑𝑇

(8)

The first step of the IHTA method is to solve the equation (8) except the entropic heat as the EC (𝑑𝑈𝑜𝑐 ⁄𝑑𝑇 ) is decided
as an unknown parameter yet.
Step [2] From the above step, the simulated battery temperatures (𝑑𝑇𝑠𝑖𝑚,𝑡𝑖 ) excluding the entropic heat term are
derived in real-time during operation and then continue to calculate the temperature deviation (∆𝑇𝑡𝑖 ) from the actual
battery temperatures measured from the experiment (𝑑𝑇𝑒𝑥𝑝,𝑡𝑖 ) following the equation (9):
∆𝑇𝑡𝑖 = (𝑑𝑇𝑠𝑖𝑚 − 𝑑𝑇𝑒𝑥𝑝 )𝑡𝑖

(9)

Step [3] This temperature deviation can be assumed as the battery temperatures due to entropic heat, which is excluded
at step [1] and based on this, inversely calculate the ECs for each time step following equation (10):
∆𝑇𝑡𝑖
𝑑𝑈𝑜𝑐
(
) =
𝑑𝑇 𝑡𝑖
𝐼𝑇

(10)

Step [4] To meet the criteria, convert the time-dependent ECs to as a function of SOC following equation (11) since
the total discharge time of the battery is different for each discharge C-rate.
𝑆𝑂𝐶(𝑡) = 𝑆𝑂𝐶(𝑡 − 1) − ∫

𝐼
𝑑𝑡
3,600 ∙ 𝐶𝑟𝑎𝑡𝑒𝑑

(11)

where the 𝐶𝑟𝑎𝑡𝑒𝑑 is the 4.9 Ah rated capacity of the battery, and the 𝐼 is the discharge current. After completing the
above processes, ECs of the battery can be obtained continuously in the range of 0% to 100% SOC. Repeat the step
[1] to [4] for other discharge cases.
Step [5] Using the ECs data derived from the above steps, perform regression analysis on calculated ECs to obtain
the representative EC values.
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The current study adopts the smoothing cubic splines regression models for the regression analysis considering the
form of the estimated ECs from the IHTA method. The results after the regression analysis and optimization through
the least squares estimations are discussed in section 4.1.

3. Experiment
3.1 Experiment setup and procedure
The main experimental equipment, battery cycler, environmental chamber, and data acquisition system is established.
A battery cycler is used to discharge or charge the battery cell, and the installed voltage and ampere meters measure
the voltage and current every second. The cylindrical battery cell is covered with the 10 mm thickness insulator to
protect from the unexpected fluctuation of airflow inside the chamber, which might impede the precise measurement
of the battery, and is fixed with a battery jig as shown in Figure 1. A couple of T-type thermocouples are used to
measure the battery, ambient, and surrounding wall temperatures simultaneously. The entire experimental matrix is
listed in Table 1. The four base cases discharging from 0.25C to 1.0C at intervals of 0.25C (No. 1) are primarily
conducted for developing the IHTA method to derive the ECs according to the battery SOC. After the four base cases,
other cases (No. 2 to No. 5 are performed to approve the validity of the developed IHTA method. Specifically, case
No.2 is consisted of various discharging cases with different C-rates to confirm that the derived ECs from the IHTA
method is applicable in predicting the battery thermal behaviors not only at the low C-rate (<1.0C) but also at the high
C-rate (≥1.0C). Then, the validation and further investigation are carried out in the charging process (No. 3), dynamic
load conditions (No. 4) with changeable C-rate, and mixed charge/discharge processes. Especially, case No. 5 is
performed under dynamic loads with very irregular current profiles after the US06 drive cycles referring to our
previous work (Han et al. 2021).
(a)

sBattery cyclers
PEMC50-60

sPower control logics
𝑏𝑎𝑡𝑡

sEnvironmentals
chamber

𝐼𝑏𝑎𝑡𝑡

Current
controller

TEMP.& HUMIDITY CHAMBER

𝑉𝑏𝑎𝑡𝑡

POWER
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(b)
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CLOSE
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HOUR M ETER
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(+) Cables
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MAIN POWER
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POWER

SD CARD

USB

START/STOP

MENU

Air temperature/humidity

V

T

H

(−) voltage sensor

Figure 1: (a) Experimental schematic of battery experiment, and (b) inner view of environmental chamber
Table 1: Experimental matrix for method development, validation, and analysis
No.

Mode*

C-rate (C)

Objective or remark

1

Disc.

0.25, 0.5, 0.75, 1.0

Derive entropic coefficients

2

Disc.

0.25 ~ 2.0

Method validation

3

Char.

0.50

Analysis on charging effects

4

Disc. + char.

Dynamic

Analysis on variable state of charge

5

Driving cycle

Dynamic

US06 drive cycle (dynamic load)

4. RESULTS AND DISCUSSION
4.1 Determination of entropic coefficient
The experimental data from the four cases of discharging at 0.25C to 1.0C at intervals of 0.25C (No. 1) are used to
build the base data for building the regression model. The ECs according to the time are derived firstly using the
developed IHTA method following the steps [1] to [3] as shown in Figure 2 (a). It is noted that the total discharge
time of the battery is inversely proportional to the applying C-rate when fully discharged from the fully charged state.
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1.0
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0.8
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0.5C
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Entropic coefficient (mV·K-1 )

Entropic coefficient (mV·K-1 )

To compare and check the trend of the entropic coefficient under the same criteria, the ECs are rearranged as a function
of SOC, as shown in Figure 2 (b). As a result, it is appeared that the trends of calculated ECs are almost the same in
line with the battery SOC despite discharging at different C-rates.

(a) Step [1] - [3]
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Figure 2: Entropic coefficient according to (a) time and (b) state of charge of the battery
From the results, it is once confirmed that the EC are strictly dependent on the battery SOC, and also the applicability
of the developed IHTA method is demonstrated. It is remarkable that the trends of the EVs are become negative at
SOC, less than 40% while remaining nearly zero at the SOC, ranging 40% to 60%, becoming positive at SOC higher
than 60%. Reminding the reversible entropic heat is in equation (3), it can be seen that the entropic heat is endothermic
for negative EC, and on the opposite, it is exothermic for positive EC when the battery is discharged. In addition,
when considering the sign of the discharging current is opposite to the charging current (positive for discharge and
negative for charge), the negative values of ECs are exothermic reactions in the view of reversible entropic heat, and
vice versa during the charging process.
The regression analysis based on the EC data in Figure 2 (b) is conducted to obtain the representative ECs that are
universally applicable to any operating condition. Taking into consideration the trend of EC consisting of multiple
local inflection points depending on the battery SOC, the smoothing spline regression is selected for the regression
model. The regressed ECs are then refined through the least squares estimation, which reduced the deviation between
the measured value (𝑦𝑖 ) and calculated value (𝑦̂𝑖 ) as expressed in equation (12):
𝑛

𝑑𝑈𝑜𝑐
(
) = 𝑎𝑟𝑔𝑚𝑖𝑛 ∑(𝑦𝑖 − 𝑦̂𝑖 )2
𝑑𝑇 𝑖

(12)
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The results of the least squares estimation are depicted in Figure 3 (a) with the profiles of optimized values with the
total data. The accuracy of the regression model is well validated that the R-square value is about 0.973.
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Figure 3: (a) Entropic coefficients by smooth spline regression model and (b) method validation under discharging
with different C-rates ranging from 0.25C to 1.0C
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4.2 Method validation under constant current conditions
Through the regression analysis with least squares estimation, the representative ECs are determined according to the
SOC. To confirm the derived ECs are applicable to battery thermal analysis, it should be checked whether they are
suitable for predicting the battery temperature changes in different operating conditions. Therefore, the current study
conducts the method validation and investigation of entropic coefficient under both constant current load conditions
with different C-rates. The validation of the developed IHTA method is basically conducted in terms of the
temperature changes of the battery during operation, and the experimental temperatures are directly compared with
the simulated temperatures, which are predicted from the battery thermal model when using the above representative
ECs obtained from the smooth spline regression model. The validation is conducted under eight discharging cases,
and the results are depicted in Figure 3 (b), where the measured temperatures are expressed in circle symbols, and the
predicted temperatures with the calculated ECs are drawn in black line. As mentioned above, not only the discharging
period but also the cooling period are considered in the validation process. Consequently, with the average error
deviation of 1.04%, the applicability of the developed IHTA method is approved. For the next proof of the developed
method, the case of the charging process is considered for the next validation. Unlike the discharging process only
conducted with constant current (CC), the charging process is generally consisted of two operating modes of CC and
constant voltage (CV) to protect the cell from the overcharging. When reaching the upper limit voltage of 4.2 V during
charging, the process converts to the CV mode, and the charging current is exponentially reduced until the predefined
current, which is set to be 123 mA in the current study. Hence, the battery temperature is slowly decreased as the heat
generation is gradually reduced either at the CV mode. These tendencies are shown in both experiment and simulation,
as shown in Figure 4, where the temperature profiles in discharging process rise continuously while the temperature
profiles in the charging process decrease as the CC mode ends as it passes the junction indicated by the dotted line.
The validation in the charging process is done for the case of 0.5C discharge and charge. From the results, the
calculated ECs from the IHTA method are as well fine to simulate the battery thermal behavior for the charging
process with an average error of 0.16%
0.5C discharge and charge
Temperature (℃)

34

32
30

Experiment

Discharge

Predicted

Rest

Charge

Rest

28
26
24

22
20
9,283 s

13,862 s

Time (s)

Figure 4: Comparison of discharging and charging process in the view of battery temperatures

4.3 Method validation under dynamic load conditions
Taking into account that the real battery systems are operated in dynamic load conditions, where the current flows are
very irregular, and the battery SOC varies up and down repeatedly, the method validation under the dynamic load
conditions is additionally performed. Figure 5 shows the 2 cases of variable current flows and the resulted battery
temperatures. The left one is the artificially made cycle with mixed charge and discharge processes with different Crate, and the right one is the battery current profiles following the dynamic loads with US06 drive cycles. To begin
with the left one, the battery current flows are altered from 0.5C to 1.5C gradually with the repeated charging and
discharging processes. Accordingly, the battery temperature changes irregularly following the uneven battery heat
generation. These irregularity becomes more severe in the case of right one, dynamic loads with US06 drive cycles.
As the C-rate are much dynamic for the case of battery system in the electric vehicle while in driving, the temperature
profiles is recorded much more sporadically. As a results, the comparison results between the experiment and
simulation are similar that the average errors are recorded as 1.592% for the left case and 0.749% for the right case.
From the results, the developed IHTA method is proven to be valid for the case of varying SOC with changeable Crates.
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Figure 5: Comparison of discharging and charging process in the view of variable current flows and state of charge

4.4 Comparison with existing method

0.4

44

0.2

40

Temperature (℃)

Entropic coefficient (mV·K-1 )

The comparison with classical experimental method, potentiometric (PM) method, is performed to confirm the
effectiveness of the IHTA method. In the PM method, the battery OCVs are measured at four different temperatures
of 15℃, 25℃, 35℃, 45℃ for the current work, and the measurement steps are repeated from fully charged state to
full discharged state at 10% SOC intervals. At desired SOC and temperature, the battery cell is set to rest for 24 hours
to reach equilibrium state, and the ECs are estimated as Figure 6 (a). It can be seen that the trends of ECs according
to SOC in the three cases are similar, but the absolute values are evidently different. This may cause an error in
predicting the battery temperatures during operation as shown in Figure 6 (b). Both the cases of IHTA and PM methods
seem to predict the temperature to some extent accurately, but in the cases of PM method, the temperature is simulated
slightly lower. This is due to the influence of the ECs, which are measured somewhat high, especially in the 40% SOC.
As a result, PM methods showed the average error of 2.16% to 2.59% in predicting the battery temperature, but the
IHTA method showed twice lower than those, 1.21%, demonstrating its effectiveness in the battery thermal analysis.
In the perspective of experimental time, the total experimental time of the developed IHTA method is 12 hours and
20 minutes, which are for discharging the battery at four different C-rate (No. 1 case in the experimental matrix).
However, the total experimental time for the PM is 1,320 hours. The time for the experimental time of the PM can be
reduced by setting the rest time less than 24 hours as the current study sets, but there is another problem to reach the
electrical-thermal equilibrium state. Consequently, in the current viewpoint, the IHTA method can reduce the
experimental time by maximum 107 times compared to the existing method.
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IHTA (current work)
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Figure 6: Comparison of classical potentiometric method and developed IHTA method in the view of (a) entropic
coefficient and (b) simulation results

19th International Refrigeration and Air Conditioning Conference at Purdue, July 10 - 14, 2022

2202, Page 9
5. CONCLUSIONS
The new methodology to estimate the reversible entropic heat of lithium battery is based on inverse heat transfer
analysis and least-squares optimization. The developed IHTA method is based on calculating the ECs of the battery
inversely by making the entropic coefficient only the unknown parameter in the energy equation composed of battery
heat generation and heat dissipation. In the process of determining the battery heat dissipation, the GRG numerical
algorithm is used to find the optimal heat transfer coefficient of the battery. The derived ECs from the IHTA method
are then refined and optimized through the smoothing spline regression model based on the least squares estimation
to obtain the representative value as a function of battery state charge. The validation processes are mainly conducted
under various C-rates, charge process, and dynamic load conditions based on artificially created cycle and US06 drive
cycle, showing almost the same results in predicting the battery temperatures. In conclusion, the feasibility of the
proposed IHTA method is well verified by showing the high accuracy in the battery thermal analysis. Besides, the
high-precision and time-efficient attributes of the proposed IHTA method is proved by comparing with the classical
experimental method of potentiometric method.

NOMENCLATURE
The nomenclature should be located at the end of the text using the following format:
LiBs
lithium-ion batteries
(–)
𝑐
specific heat
(J·kg-1·K-1)
Char
charge
(–)
C-rate
current-rate
(C)
Disc
discharge
(–)
EC
entropic coefficient
(mV·K-1)
GRG
generalized reduced gradient (–)
m
mass
(kg)
I
current
(A)
IHTA
inverse heat transfer analysis (–)
OCV
open-circuit voltage
(V)
PM
potentiometric
(–)
𝑅
resistance
(Ω)
t
time
(s)
T
temperature
(℃)
𝑈𝑜𝑐
open-circuit voltage
(V)
𝑉𝑐𝑒𝑙𝑙
cell voltage
(V)
𝑑𝑈𝑜𝑐 ⁄𝑑𝑇
entropic coefficient
(mV·K-1)
Subscript
oc
p
i

open-circuit
pressure
internal
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